Abstract-This paper presents the framework for developing a robotic system to improve accuracy and reliability of clinical assessment. Clinical assessment of spasticity tends to have poor reliability because of the nature of the in-person assessment. To improve accuracy and reliability of spasticity assessment, a haptic device, named the HESS (Haptic Elbow Spasticity Simulator) has been designed and constructed to recreate the clinical "feel" of elbow spasticity based on quantitative measurements. A mathematical model representing the spastic elbow joint was proposed based on clinical assessment using the Modified Ashworth Scale (MAS) and quantitative data (position, velocity, and torque) collected on subjects with elbow spasticity. Four haptic models (HMs) were created to represent the haptic feel of MAS 1, , 2, and 3. The four HMs were assessed by experienced clinicians; three clinicians performed both in-person and haptic assessments, and had 100% agreement in MAS scores; and eight clinicians who were experienced with MAS assessed the four HMs without receiving any training prior to the test. Inter-rater reliability among the eight clinicians had substantial agreement . The eight clinicians also rated the level of realism ( out of 10) as compared to their experience with real patients.
Scale are widely used clinical measures of spasticity; however, many studies report inconsistent results on reliability of those clinical scales [1] [2] [3] [4] [5] , demonstrating the need for improving the reliability by providing clinicians with structured training [6] [7] [8] [9] [10] .
The major reasons for the inconsistent results are clinician and subject variability involved in spasticity testing. If different raters move at different speeds, the same patient may respond differently due to the velocity-dependent characteristics of the spasticity [11] [12] [13] [14] . Patient factors affecting spasticity include the time of the day that they are tested, fatigue level, body posture and position [15] , and level of anxiety or attention paid during the test. Raters can be directed to perform the test at similar speeds by using visual or auditory feedback [16] ; however, it would still be difficult to control all of the patient factors.
Another reason for the poor reliability of spasticity assessment is likely to be the qualitative descriptions of these clinical scales. For example, in the MAS, terms such as "considerable (MAS 3), more marked (MAS 2), or slight increase (MAS 1 or ) in muscle tone" are used which are clearly qualitative, thus different scores can be assigned to the same feel of muscle tone if raters perceive it differently. For improving accuracy and reliability of spasticity assessment, it is important to let trainees feel spastic joints which would help them clearly distinguish among these levels while they are being taught the clinical scales; however, involving many patients for training is impractical because 1) the variability due to the patient factors mentioned above will still induce inconsistency; 2) it is difficult to continually recruit patients with diverse degrees of spasticity for this purpose; and 3) patients may experience fatigue or boredom with repetitive testing.
As a solution to these difficulties, other programmable robotic systems that simulate patients' responses have been developed as training tools. For elbow spasticity, the upper limb patient simulator reproduced stiffness or muscle tone using magnetorheological (MR) brake [17] , [18] . Another haptic simulator implemented velocity dependence of reflex onset angle and variable stiffness/damping at different degrees of spasticity [19] . A leg robot was developed for demonstrating ankle clonus, a related symptom to ankle spasticity seen in neurological patients [20] . Another device simulates contracture in the hand for training hand stretching exercises [21] . If those haptic systems are to be used as training tools, their accuracy and reliability needs to be evaluated with respect to the existing clinical scales; however, there is a paucity of data on clinical evaluation of existing training devices. This paper presents a framework to standardize clinical assessment of spasticity including development of a novel haptic device capable of simulating spasticity in the elbow joint, named the HESS (Haptic Elbow Spasticity Simulator), mathematical modeling of spastic elbow joints, and a paradigm for training clinicians in the MAS. A novel mathematical model representing various levels of elbow spasticity is proposed here based on clinical data collected from subjects with elbow spasticity. By using the proposed model, four different MAS scores are implemented on the HESS, and the accuracy and reliability are evaluated with experienced clinicians. A preliminary version of this work has been reported [22] , [23] , but this paper presents engineering details, more clinical data and complete haptic models enhanced from the previous work.
II. MATHEMATICAL MODELING OF ELBOW SPASTICITY
The purpose of developing a mathematical model is twofold: 1) to identify realistic quantitative parameters that have potential to be used as objective measures representing severity of spasticity and 2) to program these into the haptic device so that the device can be controlled to output accurate joint torques at given input conditions (joint velocity, and MAS score).
A. Clinical Data Collection
First, we accumulated a database of quantitative information (position, velocity, and resistance torque) each with corresponding MAS scores. If we are to build standardized mathematical models representing MAS instrument, it is necessary to collect quantitative data corresponding to some gold standard for MAS scoring; however, the MAS is known for poor inter-rater reliability [4] , [24] [25] [26] [27] [28] and there is minimal information in the literature on quantitative data that are correlated to MAS scores. This led us to consider the quantitative data sets with which a majority of experienced clinicians rated the same MAS scores on as standard data sets. Therefore, our strategy of building standard mathematical models is 1) to build a database including quantitative data and corresponding MAS scores; 2) extract data sets that experienced clinicians have strong agreement on; 3) and use the selected data sets to build mathematical models.
Three clinicians examined nine children with cerebral palsy (CP). All guardians of the children (mean age:
) gave written informed consent approved by the National Institutes of Health IRB. In order to obtain quantitative data, we developed a manual spasticity evaluator (MSE) which can measure elbow joint angles by a digital encoder (0.09 deg of resolution), angular velocities (by numerical differentiation of position), and the force (or torque) exerted (or felt) by clinicians while they manipulate the subject's elbow joint [ Fig. 1(a) ]. Force was measured by a force transducer (MLP-100, Transducer Techniques Inc., Temecula, CA) placed between clinician's hand and subject's arm. Surface EMG sensors were attached to the skin over the biceps and triceps muscle bellies to record muscle activation during the test. Position, velocity, force, and EMG data were sampled at 1 kHz by using a NI-PCIe-6321 board with a custom Labview program (National Instruments Inc., Austin, TX). The subjects were seated upright with their shoulder positioned at 40 abduction and 40 flexion. After aligning the MSE device with the patient's elbow joint [ Fig. 1(b) ], the clinicians were asked to assess spasticity in a same manner as they would do in clinic except that they were asked to move the patient's forearm in a horizontal plane. Each performed both slow and fast extension of the elbow and determined the MAS score based on the written instructions (Appendix).
Among the nine subjects, data from four subjects were selected each representing MAS scores of 1, , 2, and 3. The raters had at least 67% of agreement on those four subjects listed in Table I . MAS scores 0 and 4 are excluded because they are obvious from the instruction (Appendix): either no resistance felt (score 0) or no movement possible (score 4). Quantitative data including time courses of synchronized position, velocity, and resistance torque collected at each MAS scores were used to build mathematical models.
B. Modeling of Spastic Elbow Joint
There have been several previous attempts to build a model of spasticity, but the models reported are too simple to describe sophisticated responses [19] [20] [21] , [29] , purely descriptive [30] , [31] or focused only on modeling the spastic catch [32] , which is defined as a sudden appearance of increased muscle tone during the fast passive movement [33] . The modeling provided in this paper attempts to quantitatively describe the known characteristics of spasticity in the MAS instrument (Appendix) and the literature [29] , [32] , [35] . For an accurate and realistic spasticity model, we divided the spastic response during passive movement into three phases: pre-catch, catch, and post-catch (Fig. 2) . Equations describing each phase were proposed based on the clinical data and the descriptions in the MAS instructions.
In the pre-catch phase, it is assumed that the resistance torque from the elbow joint can be regarded as a linear mass-springdamper system (1) where denotes mass (inertia) of the forearm and hand; damping coefficient; and stiffness. Previous studies applied (1) for representing nonspastic [34] or spastic elbow joints [29] . Moreover, the clinical data collected under slow stretch also matched with this equation. Since the catch may not occur during slow stretch, the whole data set collected under slow stretch can be considered as a pre-catch phase. For instance, in Fig. 3 , the measured torque during the slow stretching assessment (Subject #3) and the reconstructed torque calculated from (1) and position (velocity, and acceleration) data match with small error (11.4% of average error).
The pre-catch phase ends with the occurrence of the catch at a specific joint angle which is called as catch angle or stretch reflex threshold [35] . Hence, determining the catch angle is essential in defining the end of the pre-catch phase. From the literature, stretching at a higher velocity typically evokes the catch sooner, and thus the catch angle is negatively proportional to the stretch velocity [35] . Moreover, the catch angle depends on the initial posture (or length of the muscle) [36] . Based on this information, the catch angle is determined as follows: (2) where denotes for the catch angle constant; the slope of the stretching velocity versus catch angle curve; and the average speed of stretch during the pre-catch phase. In the catch phase, it was reported that an impulse-like function was a suitable form for modeling the sudden increase of muscle tone [32] . The magnitude of the impulse is greater for higher MAS scores, and is velocity-dependent. In addition, our data show that the ratio of residual torque to the peak torque is different for each individual and the ratio is greater for higher MAS scores. Considering all the above factors, the following equation describes the torque during the catch phase:
where denotes for catch torque constant that relates the stretching speed to the peak torque at catch; the stretching speed at the beginning of catch phase; the torque at the end of pre-catch phase; a constant scale factor that determines the amount of the residual torque after the peak torque (named as residual torque constant); the time when the catch phase begins; and the time duration that the impulsive peak torque at catch maintains (Fig. 4) .
In addition to and which determine the amount of peak and residual torque, the time duration of the catch phase needs to be determined which automatically defines the end of catch phase and the beginning of post-catch phase. From the clinical data collected, we observed that the time duration of the catch phase, the end of which is delineated by the rapid decrease in residual torque from its peak value that occurs either before the end of the movement or before a second smaller rise in resistance torque if the movement has not yet been completed, is inversely proportional to the stretch velocity which is modeled as follows: (4) where is named as the catch duration constant that determines time duration of the catch phase, and the average stretching speed during the catch phase. Practically, (4) is implemented by calculating at every sampling time, and the catch phase ends when time spent for catch phase starts to become greater than . In the 12 trials performed at different stretching speeds for subject #3, remained at constant level which validates (4) (Fig. 5) .
After the catch phase, assuming the limb movement has not yet been completed, there is a secondary increase in resistance torque which starts from the residual torque determined by in (3) from the catch phase. The rate of increase in the post-catch phase is slower than that in the catch phase. To our knowledge, no research has modeled this phenomenon; however, the secondary increase also is described in the MAS instruction. For example, the absence or presence of increased resistance after catch distinguishes MAS 1 and , respectively (Appendix). From the data collected, we found that the secondary increase in resistance torque is position-dependent. Hence, the torque in the post-catch phase is described as follows: (5) where denotes for the elbow stiffness in post-catch phase; the elbow joint angle at the beginning of the post-catch phase. Note that we do not need to determine the duration of the post-catch phase because post-catch phase ends if the speed of stretch is smaller than the speed threshold , which occurs when the clinician stops the movement.
III. DESIGN AND CONTROL OF HESS

A. Design of HESS
HESS (Haptic Elbow Spasticity Simulator) has been designed to recreate the resistance that the clinicians would have felt during an in-person assessment [23] . The device consists of a mannequin forearm, brushless DC motor and controller (Barrett Technology Inc., Cambridge, MA), and a cable-driven speed-reducing mechanism (Fig. 6) . The cable-driven mechanism consists of two stages of speed reduction, and the ratio at each stage is calculated by the ratio of diameters of input and output shafts.
Since the brushless DC motor has about ten times greater bandwidth as compared to the MR brake used in the other previously referenced patient simulator [18] , [20] , the device is able to implement fast responses such as catch in greater accuracy. The speed reducing transmission was implemented by using the cable-driven speed reducing mechanism [37] . It utilizes frictionless rolling contact of two adjacent pulleys driven by two steel cables that are pre-tensioned but do not stretch. Therefore, the speed reducing mechanism implements small friction and near zero-backlash which are desirable mechanical properties of haptic devices. The detailed mechanical specification of the HESS is provided in Table II .
B. Control of HESS 1) Implementation of the Spasticity Model:
The mathematical model described by (1)- (5) is implemented in the control scheme illustrated in Fig. 7 . In the pre-catch phase, the haptic device is controlled by (1) until the joint angle reaches the catch angle determined by (2) . Equation (2) and are determined from the data collected during the in-person assessment, and from (2) . From the in-person data collected from nine patients and the three clinicians, all measured were above 60 /s and the smallest catch angle was 60 ; therefore and was set to 60 /s and 60 , respectively. These numbers, however, can vary depending on the data collected from the in-person assessment and should be adjusted accordingly. For example, if a clinician moved a patient's arm at a speed slower than 60 /s and the catch was observed, could be set to a smaller value. If the joint angle becomes greater than under a fast enough speed, the catch phase starts where the device is controlled by (3) . The catch phase ends after which is calculated by (4) , and post catch phase starts where the rater feels the secondary increase in torque determined by (5) throughout the remainder of ROM. All parameters in (1)- (5) are estimated from the position and torque data collected during the in-person assessment which are listed in Table III. Among the parameters, , , , and had monotonic relationships with MAS scores which implies that those parameters can potentially be used for quantifying the degree of spasticity. The control scheme was implemented under a real-time operating system, Xenomai, with 1 kHz sampling rate. The calculated torque commands from (1), (3), and (5) were sent to the motor amplifier (PUCK, Barrett Technology Inc., Cambridge, MA) under torque control mode (25 kHz sampling rate). Since the mannequin forearm has the average inertia and size of the subject's forearm, the inertial effect [
in (1) and (5)] was not programmed into the control commands. This avoids high-level noise due to numerical differentiation involved in the calculation of acceleration from the position measurement.
2) Compensation of Friction: Friction force often deteriorates the haptic feel and backdrivability is considered an important mechanical property of a haptic device. In order to verify the amount of friction torque that would be felt by raters, we have tested the backdrivability of HESS. The resistance torque felt by a rater was measured by a torque sensor (TRT-200, sensor stiffness 2300 Nm/rad, Transducer Technique Inc., Temecula CA) while the rater moved the mannequin arm and the motor command was set to zero. The maximum torque felt by the rater was greater than 0.5 Nm mainly due to the viscous and static friction [ Fig. 8(a) ]. In order to compensate for the friction torque, the viscous and the Coulomb friction coefficients of the following model were identified. Even though the motor controller controlled for current of the motor, there might be effect of uncompensated back EMF. The friction model also includes any effect due to uncompensated back EMF by the motor controller. (7) where represents the torque measured during the backdrivability test, the inertia of the motor and the speed reduction mechanism, the viscous damping coefficient, and the Coulomb friction coefficient. By using least square estimation [38] , , , and . With viscous and static friction compensated, measured during the backdrivability test was reduced below 0.2 Nm [ Fig. 8(b) ], which is small enough not to deteriorate the feel of the catch and residual resistance. In the real implementation, the output torque commands calculated from (1), (3), and (5) were updated after compensating the estimated friction torque in (7).
3) Safety Consideration: The flowchart in Fig. 7 assumes that raters will hold the device until the completion of the postcatch phase; however, the mannequin arm can slip out of their hands in the middle of the catch or post-catch phase if the resistance torque is too strong (e.g., MAS 3). When the device slips out of the operator's hand, it quickly accelerates opposite to the direction it has been moving. The loss of grasp was detected here by monitoring the velocity of the device. If a sudden change in velocity is detected, it is considered as loss of grip and the control mode is switched to the pre-catch phase to reduce resistance torque and thereby decrease the velocity.
C. Mechanical Behaviors of HESS
Mechanical behaviors of the four haptic models representing MAS 1, , 2, and 3 are compared to those measured from in-person assessment (Fig. 9) . Position was measured by the digital encoder installed along the motor shaft (Table II) , and the force transducer (MLP-100, Transducer Techniques Inc., Temecula, CA) that is used for MSE device was installed between the rater's hand and the mannequin forearm to measure the torque felt by the raters. Since the raters cannot make same movement over trials, it is natural to see mismatching position and torque responses between the in-person and the haptic assessments. Note that the goal was to present mechanical behaviors that distinguish one MAS score from the others.
In the experimental results of MAS 1 [ Fig. 9(a) ], the peak torque is smaller than the other MAS scores, and there is no post-catch phase so that the raters reach the joint limit within the catch phase. Therefore, the raters did not experience the secondary increase in resistance torque. However, in the other MAS scores [ Fig. 9(b)-(d) ], catch phases are brief and the resistance torque drops immediately after the catch followed by a secondary increase of resistance torque which is the post-catch phase. Higher MAS scores showed greater peak torques (related to ), smaller catch angles (related to ), shorter catch phase (related to ), and greater resistance torque at the end of post-catch phase. Note that the effect of parameter can be explained by (3). Parameter is described as the ratio of the decrease from peak torque to residual torque (local minimum after the catch) to the increase from torque at the end of pre-catch phase to the peak torque. is not seen directly from the graphs, but all four graphs show greater for higher MAS scores.
IV. CLINICAL VALIDATION
A. Methods
The accuracy and reliability of the proposed HMs were validated by experienced clinicians. Eight experienced clinicians (six physical therapists and two physicians) including the three clinicians who collected clinical data shown in Table I participated in the validation process. All raters were experienced with using the MAS instrument from their previous institutions. They were provided with a written description of the scores but no additional training was provided during this study. In addition to the four models in Table III , 12 dummy models were added by using intermediate parameters of , , , and to hide the identity of the four supposedly "true" models from the raters, similar to randomized "controls".
Each rater came to the laboratory individually and was asked to manipulate HESS to give MAS scores to the HMs while the 16 models (including the four models in Table III and 12 dummy models) were presented in a randomized order. After reviewing MAS scoring instruction (Appendix) prior to the test, they moved the mannequin forearm as many times as they wanted; however, no training or instruction was provided regarding how much resistance corresponds to which MAS scores. They rated MAS scores based on their prior experience and the written MAS scoring instruction. After all trials, they scored level of realism [from 1 (worst) to 10 (best)] by comparing the haptic assessment with their prior experience with clinical assessments. For test-retest reliability after six months three of the eight clinicians tested the 16 HMs in a randomized order.
From the data collected, the accuracy of the four HMs was evaluated by using the MAS scores made by the three physical therapists who collected clinical data shown in Table I . The percent agreement between the MAS scores they made on in-person and haptic assessments were used to determine how closely the haptic models recreated the muscle tone of the four patients. The inter-rater reliability was evaluated from the data collected from all seven clinicians by using Fleiss's kappa statistic for multiple raters [39] . The test-retest reliability was evaluated from the data collected from three clinicians.
B. Results
First, the MAS scores that the three clinicians rated during the in-person and the haptic assessments had 100% agreement (Table IV) . Table V shows the MAS scores rated on each haptic model (HM). Seven out of eight clinicians gave correct (or intended) scores to HM #1 (87.5% agreement), while six assigned correct (or intended) scores to HM #2 and #4 (75.0%). For HM #3, all eight gave correct scores (100%). Overall, mean agreement for the four HMs was . The average stretching speed during pre-catch phase was different for raters and trials (Table V) .
Fleiss's kappa was obtained from Table IV to test inter-rater reliability. The kappa value means that there was the substantial agreement [40] of MAS score among the eight raters. The inter-rater reliability of other 12 dummy models was poor . For test-retest reliability, each of the three on the four standard HMs while each of them had fair agreement on the 12 dummy HMs. Lastly, from the questionnaire, the mean score regarding the level of realism of the device in comparison to a patient was out of a possible score of 10.
V. DISCUSSION AND CONCLUSION
This paper presents a framework for developing a robotic system which will help in standardizing the clinical assessment of spasticity. It involves 1) quantitative data collection from clinical assessment, 2) mathematical modeling of the clinical assessment, and 3) implementation and clinical evaluation of the model.
In order to improve the poor reliability of clinical spasticity assessment, there have been studies which attempted to quantify spasticity by correlating quantitative parameters to the clinical instruments [19] , [20] , [29] [30] [31] [32] , [35] , [41] . It was reported that rate of change in resistance and the onset angle of stretch are closely related to the Ashworth Scale [41] . Most of the previous studies, however, modified the existing assessment protocol to obtain more consistent data [2] , [29] , [31] , [35] , [41] and/or tried to fit sophisticated phenomenon into single event [18] [19] [20] .
The proposed mathematical model has advanced features which will ultimately enhance reliability of existing clinical assessment tools. First, it is a more precise and accurate model such that the raters judged it to be realistic. By dividing a spastic response into three phases, the model could deal with sophisticated responses precisely and accurately. The score was notably high given the fact that the "dummy" simulations were also included. Second, the proposed model uses existing clinical assessment tools without any modification, while it can potentially improve reliability of them. Therefore, clinicians can still use the same clinical instruments that they have been using. Lastly, it accounts for human variability which is unavoidable in clinical practices. In a clinical assessment, clinicians control for the stretching speed which is variable throughout the ROM as well as across the raters. For example, clinicians tend to slow the stretching speed immediately after they feel the sudden increase of muscle tone and stretching speeds are different across raters as shown in Table V . The proposed model accounts for this variability and Table V show promising results that the same model received similar scores even though it was operated at different speeds.
Among the parameters used in the mathematical model, four parameters [ in (2) , and in (3), and in (4)] seemed most closely related to the MAS scores. From Table II , one can see that higher MAS scores have smaller and , and larger and . We were able to create 12 dummy trials in between the four gold standard models. All seven raters did not report any weird feeling (different from realistic muscle tone) during the experiment; however, the inter-rater reliability on those twelve trials was not as good as the four standard HMs which is understandable because those trials sit between two MAS scores would be harder to distinguish. This paper did not employ statistical methods for correlating the four parameters with the degree of spasticity. Future study will be carried out to see whether the parameters can be used as quantitative measures indicating the degree of spasticity when more rigor or quantification is desired.
After four haptic models (HMs) were implemented, our primary concern was how to evaluate accuracy and reliability of HMs objectively. Generally, accuracy is defined as "degree of closeness to the absolute value"; however, it was hard to find a gold standard data of MAS scores beyond the written instruction. Even expert clinicians might perceive the same instruction differently. Therefore, the standard models were assumed to be the data from four representative subjects that experienced clinicians rated the same (or similarly). More data should be collected in the future to propose more generalized standard models. For the additional data to be collected the modeling, implementation, and evaluation methods will likely remain the same as the framework presented in this paper.
After refining the gold standard, we could compare position/ force data collected from in-person assessment and haptic assessment to evaluate accuracy; however, it was our thought here that the clinical outcome measures should be used to evaluate accuracy if we are to improve accuracy of existing clinical assessment. This led us to compare the MAS scores, the most widely used clinical measure.
The accuracy of HMs was evaluated in two ways: 1) by comparing MAS scores from in-person assessment and corresponding haptic assessment, and 2) by percent agreement to the intended MAS scores. The first method would indicate how close the HMs reconstructed responses of the corresponding patients, and the haptic assessment had 100% matching MAS scores (Table IV) . The second method would show how close the intended MAS scores of HMs are to the MAS scores perceived by experienced clinicians. The result ( agreement) and the survey results imply that the HMs implemented the haptic feeling that clinicians generally expect to feel.
As to the inter-rater reliability, there have been inconsistent results on inter-rater reliability of MAS score on elbow spasticity by using kappa statistics [2] [3] [4] . The agreements have been reported as poor to moderate with four clinicians [4] and as moderate with three clinicians [3] . In contrast, a study reported very good agreement with two clinicians [2] . Note that all clinicians who participated in the previous studies had training session right before they tested which will significantly enhance reliability. The existing results on reliability seem to be controversial; they, however, show that the better agreement (the higher ) was obtained from a smaller number of raters. In our reliability test, substantial agreement was obtained from participating eight raters even without training prior to the test. All raters were experienced with the MAS instrument prior to the test. They were not only completely blinded to the identity of four standard HMs but also confused by the 12 dummy HMs randomly placed in between the four HMs. It is noteworthy that without training and even with the impediment, the four HMs still had substantial agreement. This shows that most raters intuitively perceived the haptic feel from the four standard HMs as the intended feel described in MAS instruction, which implies that HESS will be promising as a training tool.
The HESS and haptic models can provide a novel clinical analysis and training strategy that provides consistent stimuli that should yield consistent responses. There are many studies that tested reliability of the MAS instrument; however, the existing results are affected by three sources of variability: 1) patient variability, 2) a qualitatively described instrument, and 3) rater variability. In order to analyze the rater variability, it is necessary to isolate the third source from the others. The haptic device removes the patient variability and the mathematical modeling quantifies the qualitatively described instrument which let us study rater variability alone. From our pilot results, the raters had substantial test-retest agreement for the four standard HMs , but fair agreement on the other 12 dummy HMs . This implies that there are cases where raters have greater variability, and those cases might not be described clearly by one MAS score. Designing appropriate training programs for these cases will be more efficient. For example, we plan to collect enough data to find cases that cause greater intraand inter-rater variability, to determine which MAS scores to assign, and to train raters for those cases using HESS.
The framework presented in this paper can also be applied to simulate other types of mechanical behaviors that involve haptic interaction. Rigidity in Parkinsonism is one example. First, a haptic device resembling patients' body part needs to be designed. Mechanical specifications should be satisfied such as adequate joint ROM, minimal friction from the device, and sufficiently high torque/force levels so as to mimic the targeted mechanical behaviors, and realistic inertial and size properties of the device based on anthropometric data. Second, quantitative data (position, force/torque, EMG, and etc.) needs to be collected from patients along with the clinical judgments. Third, the mechanical behaviors need to be identified as programmable language (e.g., mathematical equations) based on the data and the instructions of the clinical assessment. Lastly, the target behaviors should be implemented in the device and validated in a clinical setup.
The level of realism rated by the clinicians was high enough that they thought the HMs mimicked the spastic elbow joint. It is understandable that the clinicians could not rate perfect level (score 10) because the HMs were not as variable as the patients. The consistency in and the precise knowledge of what the clinicians feel from the HMs are important factors for why the HESS can be used as a training tool. Hence, it provides a feasible training opportunity to clinicians for improving accuracy and reliability of clinical assessments. APPENDIX MODIFIED ASHWORTH SCALE (MAS) [42] 0 No increase in tone. 1 Slight increase in muscle tone, manifested by a catch and release or minimal resistance at the end of the ROM when the affected part is moved in flexion or extension. 1+ Slight increase in muscle tone, manifested by a catch, followed by minimal resistance throughout the remainder (less than half) of the ROM. 2 More marked increase in muscle tone through most of the ROM, but affected part easily moved. 3 Considerable increase in muscle tone, passive movement difficult. 4 Affected part rigid in flexion or extension.
